Multipoint lod scores are typically calculated for a grid of locus positions, moving the putative disease locus across a fixed map of genetic markers. Changing the order of a set of markers and/or the distances between the markers can make a substantial difference in the resulting lod score curve and the location and height of its maximum. The typical approach of using the best maximum likelihood marker map is not easily justified if other marker orders are nearly as likely and give substantially different lod score curves. To deal with this problem, we propose three weighted multipoint lod score statistics that make use of information from all plausible marker orders. In each of these statistics, the information conditional on a particular marker order is included in a weighted sum, with weight equal to the posterior probability of that order. We evaluate the type 1 error rate and power of these three statistics on the basis of results from simulated data, and compare these results to those obtained using the best maximum likelihood map and the map with the true marker order. We find that the lod score based on a weighted sum of maximum likelihoods improves on using only the best maximum likelihood map, having a type 1 error rate and power closest to that of using the true marker order in the simulation scenarios we considered. Genet.
INTRODUCTION
Multipoint lod scores are typically calculated for a grid of locus positions, moving the putative disease locus across a fixed map of genetic markers. The resulting Contract grant sponsor: National Institutes of Health; Contract grant numbers: HG00376, T32 HG00040. *Correspondence to: Michael Boehnke, Ph.D., Department of Biostatistics, School of Public Health, University of Michigan, 1420 Washington Heights, Ann Arbor, MI 48109-2029. E-mail: boehnke@umich.edu multipoint lod score curve is then plotted against this map and the maximum lod score is noted. Particularly given densely-spaced markers, there may not be a single clearly best marker order, and the evidence for linkage may differ substantially depending on the order of a set of markers and/or the distances between the markers. If the best order (by a particular criterion, usually maximum likelihood) is enough better than the second best order, the usual approach is simply to condition analysis on the best order. If there are two orders that are nearly equally likely, one might do the analysis twice, once with each order, and note any important differences in the results. If there are no important differences, the uncertainty in the order may not pose much of a problem. If, however, the two orders yield substantially different results, the uncertainty becomes a concern. If there are more than two marker maps under consideration, the situation becomes even more complicated.
Hanis et al. [1996] described a genome scan for genes contributing to type 2 diabetes susceptibility and presented an example that illustrates this problem. Their data consisted of 330 Mexican-American affected sib pairs from 170 sibships with no parental data. Their best result occurred on chromosome 2 at the tip of the q arm. For this 2qter region, they considered the maps shown in Fig. 1 . Their maximum multipoint lod scores ranged from 2.7 to 4.3, depending on which marker order and distances they used.
In this article, we propose a general method to deal with uncertainty in the marker map that acknowledges marker order uncertainty and still provides a single multipoint lod score to assess the evidence for linkage. We calculate three weighted multipoint lod score statistics and evaluate their properties on the basis of results from simulated Fig. 1 . Plausible maps for a portion of chromosome 2 from Hanis et al. [1996] (N.J. Cox, personal communication), based on maps from (a) the Marshfield Clinic database, (b) Généthon, (c,d) Hanis et al. [1996] data. Distances between markers are given in cM. data, considering the type 1 error and power. The first statistic is a lod score formed from weighted likelihoods. The second is a weighted average of the lod scores themselves. For the third statistic, we calculate a weighted significance level and then back-transform to its lod score equivalent. We compare the results for these statistics to those obtained using the best maximum likelihood marker map and the map with the true marker order. We find that the lod score formed from weighted likelihoods improves on using the best maximum likelihood map, giving lod scores closest to those obtained using the true marker order in the simulation scenarios we consider.
METHODS
To most accurately localize a disease gene and refine its position on a particular chromosome, ideally, we would jointly estimate disease gene and marker locations. However, we often do not have the appropriate data to do so and are additionally limited by available computing resources, both hardware and software. More realistically, if the positions of a subset of markers are uncertain, we might calculate multipoint lod scores, conditioning on a framework map and integrating over all possible locations for each of the nonframework markers and the disease locus. This is, of course, only nearly ideal since we do not know the locations of the framework markers for certain, and it too would be impractical to implement. Instead, we have chosen to form a weighted sum of the information conditional on the most plausible comprehensive marker orders. We use as weights the posterior probabilities P γ for the various orders γ, and estimate map distances for each order by maximum likelihood. This approach is computationally simple, and still has the advantage of acknowledging uncertain marker order.
Posterior Probabilities for Marker Orders
The posterior probabilities P γ can be calculated in a number of different ways [Rogatko and Zacks, 1993; Lange et al., 1995] . One alternative for P γ is
Here, the posterior likelihood for order γ is divided by the sum of the posterior likelihoods for all orders under consideration so that P γ represents the fraction of the total posterior likelihood attributable to order γ. Since a constant prior is reasonable, such as 2/m! where m is the number of markers, equation (1) is equivalent to
For either equation (1) Here, q γ is the vector of recombination fractions between adjacent markers in order γ with no disease locus included. As another option for L(γ), we could substitute L (γ) = L(θ γ ;γ,data). For this alternative, θ γ represents the marker map with all markers fixed at their maximum likelihood estimates (MLEs) for order γ. We use
as it is easier to compute given computations routinely done in marker map construction and can be expected to provide a good approximation to more complicated formulas [Rogatko and Zacks, 1993; Lange et al., 1995] . When the number of possible orders m!/2 is large, we approximate the sum in the denominator by including only the most plausible orders j, which could be determined, for example, by eliminating any order with maximum likelihood more than 10,000 times less than that of the most likely order.
Weighted Lod Score Statistics
To take marker map uncertainty into account, we calculate three different weighted multipoint lod score statistics, weighting each order by its posterior probability. First, we calculate
weighting the likelihood L(q; γ, data) under each comprehensive marker order γ by its posterior probability P γ , and summing over all plausible orders γ. Here we definê θ to be the MLE of the recombination fraction between the maker map and the disease locus, fixing the map distances for each order γ at their MLEs. We would expect this to be the best approach since it corresponds to comparing the likelihood of the data under the alternative and null hypotheses of linkage and no linkage in a similar manner to the usual unweighted lod score. Since the likelihoods L(q; γ, data) may not be obtained from many commonlyused software packages without modification of the code, we calculate, as a second alternative, the weighted average of the maximum lod scores:
As a third alternative, we calculate weighted significance levels, averaging the P values associated with the maximum lod scores for each of the plausible orders, and back-transforming this weighted-average P value to its lod score equivalent, Ẑ wt pvalue . This statistic also does not require the likelihoods to be obtained and should be less susceptible to being dominated by the most likely order than Ẑ wt lod .
Calculating Weighted Lod Scores for Affected Sib Pairs
To calculate the weighted multipoint lod scores for an affected sib pair data set, we make use of the programs CRI-MAP [Lander and Green, 1987] (Green et al., unpublished documentation), to construct multilocus linkage maps, and SIBLINK [Hauser and Boehnke, 1998 ], to calculate multipoint lod scores based on allele sharing between sib pairs. These lod scores are parameterized by the recombination fraction q and the vector of allele-sharing probabilities z = (z 0 , z 1 , z 2 ), where z i is the probability that a sib pair shares i alleles identical by descent (IBD) at the putative disease locus. Assuming a model where risk alleles at the disease locus act additively, z 0 < ¼, z 1 = ½, and z 2 > ¼.
To analyze a particular data set, we first build a framework map of markers using CRI-MAP build, adding markers sequentially and eliminating any order whose maximum likelihood is more than 1,000 times less than that of the best map so far. This step reduces the number of comprehensive orders that must be considered in the next step. Second, using CRI-MAP all, we generate a list of all comprehensive orders consistent with the framework order that have maximum likelihoods no more than 10,000 times less than the most likely order. We calculate the posterior probabilities P γ using the maximum likelihoods for each of these orders. We estimate the marker map distances for the comprehensive orders by maximum likelihood using CRI-MAP fixed, and calculate multipoint lod scores under each of the orders using SIBLINK. Finally, we calculate the weighted lod scores, using the posterior probabilities P γ and the maximum lod scores or likelihoods from SIBLINK for each order.
Simulations
Properties of interest for each of the proposed lod scores include the type 1 error rate and the power to detect the presence of a disease gene. We examined these properties by computer simulation, comparing them among our proposed lod scores and with the standard approach of just using the maximum lod score for the best maximum likelihood map. We also compared the results to those obtained using the marker map with map distances estimated by maximum likelihood, conditional on the true order of the markers, which we refer to as the map with the true marker order.
We chose our simulation parameters to mimic the scenario in the Hanis et al. [1996] example. We used the map shown in Fig. 1a , with markers at 0, 7, 9, 11, 13, and 16 cM and disease locus at 15 cM, and simulated four-person nuclear families with two genotyped affected sibs. Fifty such families were simulated with both parents genotyped and were used to estimate the marker maps. To assess evidence for linkage, we simulated 500 affected sib pair families with no parents genotyped. Marker genotypes were generated assuming four equally-frequent alleles at each of the six markers and a random genotyping error rate of 1%. We assumed that the alleles at the disease locus act additively and the recurrence risk ratio λ takes values of 1.0 or 1.4, corresponding to z = (0.25, 0.50, 0.25) and z = (0.179, 0.500, 0.321), respectively.
We assessed type 1 error by analyzing 12,500 simulated data sets, generated assuming no disease locus is present (λ = 1.0), and counting the number of false positives in the analyses. Power was evaluated by analyzing data generated assuming a disease locus is present (λ = 1.4) and counting the number of simulations that detect the locus. Simulations were excluded when only one comprehensive order was plausible. In addition, for λ = 1.4, we included only those 833 simulations in which the difference in maximum lod scores for the two best orders was ≥0.5.
RESULTS
The type 1 error rate is similar for our three weighted lod scores and for the lod score computed using the best maximum likelihood map (Table I) . For all four of these statistics, the type 1 error is similar to that obtained when the map with the true marker order is used to compute the lod score curve. Ẑ wt like , the lod score formed from weighted likelihoods, has type 1 error closest to that using the map with the true marker order.
The lod score Ẑ wt like is also closest to using the true marker order in terms of power. As seen in Table II , using the true order gives the highest power of all the lod score statistics, although differences in power are not large. Further, Ẑ wt like gives the lod score closest on average, and with the least variability, to what we would obtain if we knew the true order of the markers (Table III) . The mean difference in lod score from the true order is 0.003 and standard deviation (s.d.) = 0.15 (Table III , columns 1-3). In contrast, using the best maximum likelihood map gives a mean difference in lod score of -0.19 with s.d. = 0.48. Ẑ wt pvalue , the lod score formed from weighted significance levels, gives the largest difference from the true order, and Ẑ wt lod , the weighted maximum lod score, gives values in between those of Ẑ wt pvalue and Ẑ wt like . Since the best maximum likelihood map is the same as the map with the true marker order when the best map orders the markers correctly, it is useful to look at the case where the best order is not the true order. When the best maximum likelihood order is correct, the power and average lod scores are nearly identical for Z wt like and the lod score for the best order (Tables II and III , columns 4-6). When the best order is incorrect, Ẑ wt like has power closest to that for the true marker order with mean difference in lod score from the true order of 0.004 and s.d. = 0.19 (Tables II and III, columns 7-9) . In contrast, the lod score using the best maximum likelihood map has a mean difference in lod score of -0.34 with s.d. = 0.61 when the best map does not order the markers correctly. We observe similar trends in simulations based on different scenarios such as maps with markers equally spaced at 5 cM (data not shown). 
DISCUSSION
We have developed a general method and three multipoint lod scores for use when there is uncertainty in the marker map. The three lod scores take uncertainty in marker order into account and are easy to compute with quantities available from existing software. In the simulation scenarios we considered, type 1 error and power for the weighted-likelihood lod score, Ẑ wt like , are closest to those for the map with the true marker order and, therefore, improve on the simpler and more typical approach of using the best maximum likelihood map. Although we have implemented our method using the program SIBLINK to calculate the multipoint lod scores for affected sib pair data, the method is not limited to affected sib pair data and could be used with any family data for which multipoint likelihoods and lod scores can be calculated.
We found it surprisingly difficult to duplicate by simulation the examples we have seen in the literature where choice of map substantially affects the lod score curve. These examples often utilize maps from different sources (such as Généthon, Marshfield, or CEPH) and we have found that maps generated from different sources typically result in lod score curves that are more different from each other than maps generated from the same data set. Maps from different sources cannot be ranked and posterior probabilities cannot be calculated, so that our method cannot easily be applied in this case. In light of this, we would recommend using the best available single data set to estimate marker maps whenever possible. However, when this cannot be done, it may be possible to obtain likelihoods for marker orders obtained from different sources by calculating the likelihoods for these orders using A disadvantage of our method is that it does not provide an estimate of location for the disease locus. We have modified the method to calculate the weighted lod scores for specific values of the recombination fraction between a fixed marker framework map and the disease locus, instead of using the MLE θ for each order. After calculating these lod scores for a grid of recombination fractions, we can plot the lod scores against the framework map and note the maximum lod score, along with the location at which it occurs, in the usual manner. This provides a location estimate for the disease locus relative to a framework map of markers. To implement this modification, marker map distances for the plausible comprehensive orders must be estimated, fixing the positions of a framework of markers. Type 1 error and power are similar to that of our original method, but we have not found an improvement in bias of the location estimate over using the best maximum likelihood map (data not shown).
For data generated assuming a disease locus is present (λ = 1.4), we chose to consider only those simulations for which the difference in lod scores for the best maximum likelihood map and the second best map was ≥0.5. By so doing, we hoped to concentrate on cases in which map uncertainty had the greatest effect on the lod score curve and thus would be of greatest concern. If we remove this restriction and look at simulations without regard to difference in lod scores, we see similar trends for the scenarios we considered. The power for Ẑ wt like is closest to that for the lod score using the true marker order. Further, Ẑ wt like is closest on average, with least variability, to the lod score for the best order, improving on the maximum lod score for the best map when this map does not order the markers correctly (data not shown). Although the magnitude of the difference between using Ẑ wt like and using the best maximum likelihood map is greater for the simulations where uncertainty is of greatest concern, Ẑ wt like improves on using the best maximum likelihood map regardless of the degree of map uncertainty. In light of these results, the multipoint lod score, Z wt like , should provide a useful tool for gene mapping whenever map uncertainty is of concern. 
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